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Pointer-tracking methods can capture a real-time trace at high spatio-temporal resolution of users’ pointer 
interactions with a graphical user interface. This trace is potentially valuable for research on human-computer 
interaction (HCI) and for investigating perceptual, cognitive and affective processes during HCI. However, little 
research has reported spatio-temporal pointer features for the purpose of tracking pointer movements in on-line 
surveys. In two studies, we identified a set of pointer features and movement patterns and showed that these can 
be easily distinguished. In a third study, we explored the feasibility of using patterns of interactive pointer 
movements, or micro-behaviours, to detect response uncertainty. Using logistic regression and k-fold cross-
validation in model training and testing, the uncertainty model achieved an estimated performance accuracy of 
81%. These findings suggest that micro-behaviours provide a promising approach toward developing a better 
understanding of the relationship between the dynamics of pointer movements and underlying perceptual, 
cognitive and affective psychological mechanisms.
1. Introduction
Human-computer interaction (HCI) is a multidisciplinary field of 
study on the design, implementation and evaluation of interactive sys-
tems (Dix, 2004). Understanding users’ patterns of behaviour while 
interacting with a graphical user interface is important, for example, 
to assess usability and user experience (e.g. Dillon and Watson, 1996; 
Pocius, 1991). While eye tracking technology has been the main ap-
proach to tracking these patterns (Rayner, 1998), it also requires a 
special monitoring device and the physical presence of the user to en-
able acquisition of eye movements.
Pointer (or mouse) tracking provides a low-cost, highly scalable al-
ternative approach to acquiring data on patterns of user behaviour 
while interacting with a graphical user interface (Chen et al., 2001; 
Rodden and Fu, 2007). Pointer tracking usually entails the use of pro-
prietary software to collect a trace of the pointer (or cursor) positions 
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as guided by the user’s mouse movements (Dix, 2004). Pointer track-
ing data is typically used to test the usability of web pages and improve 
user experience (Atterer et al., 2006; Arroyo et al., 2006; Huang et al., 
2011; Digital Experience Analytics, 2018; Inspectlet, 2018).
A considerable number of temporal and spatial measures, or fea-
tures, can be extracted from pointer data for analysing the dynamics of 
pointer movements. The most common temporal features are velocity 
and acceleration. Spatial features typically include distance travelled, 
angle of direction, curvature and straightness (Gamboa and Fred, 2004; 
Chudá and Krátky, 2014; Ahmed and Traore, 2007; Pusara and Brod-
ley, 2004; Arroyo et al., 2006). More complex features are possible, 
including hovering patterns (Tzafilkou and Protogeros, 2018; Arapakis 
and Leiva, 2016; Huang et al., 2011), long pauses (Tzafilkou and Pro-
togeros, 2018; Arroyo et al., 2006; Seelye et al., 2015) and directional 
changes (Yamauchi and Xiao, 2018) that require more intricate analy-
sis.
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There has been much research on user interaction based on pointer 
data, especially using features of low-granularity such as mouse clicks 
and the number of pointer movements (e.g. Goecks and Shavlik (2000)). 
These have been used as indicators of user interest, hesitation, user en-
gagement, and abandonment, mainly for testing web page usability (e.g. 
Digital Experience Analytics (2018); CrazyEgg (2018); Hotjar (2018)).
Later work focused on the use of pointer movements for user authen-
tication (Revett et al., 2008; Gamboa, 2008), while more recent devel-
opments have applied pointer analytics as a behavioural methodology 
to relate user experience to underlying psychological processes. Ara-
pakis and Leiva (2016) used machine learning to predict user engage-
ment on the basis of temporal and spatial mouse movement features. 
Tzafilkou and Protogeros (2018) extracted mouse patterns (e.g. random 
movements or hovers) and found a relationship between these patterns 
and perceived ease use, perceived usefulness, self-efficacy, learning be-
haviour, and risk perception.
Pimenta et al. (2013) found a decrease in cognitive performance in 
relation to a reduction in mouse acceleration and velocity. Seelye et al. 
(2015) used just mouse movement variables to distinguish older adults 
with and without mild cognitive impairment. Some authors also found 
an association between pointer movements and emotions (Hibbeln et 
al., 2017; Zimmermann et al., 2003; Yamauchi and Xiao, 2018). Hi-
bbeln et al. (2017) concluded that negative emotion can be inferred 
with an accuracy of 81.7%, based on increasing distances covered by 
and decreasing speed of the mouse cursor across an interface.
The general aim of the studies of this paper was to delineate a range 
of spatio-temporal pointer features and explore the feasibility of using 
these to detect response uncertainty when respondents answer ques-
tions presented in an online survey. Study 1 aimed to computer a first 
set of spatial and temporal features and validate the pre-processing 
procedures for pointer tracking analysis. The resulting features were 
then applied in Study 2, in which we defined pointer movements that 
specifically related to contextual features of the online survey interface 
(e.g. sequence and layout of survey questions and response scales). The 
initial selection of micro-behaviours was guided by the results of a pre-
vious study (Cepeda et al., 2018), by metrics that have been applied in 
eye tracking studies (see, e.g. Rayner (1998) and by observation of pat-
terns of potential micro-behaviours in Study 1. This resulted in a new 
set of spatio-temporal features, referred to as micro-behaviours. Most 
of these micro-behaviours have not been reported in previous work. In 
Study 3, we integrated these features in an uncertainty model to ex-
plore their use to automatically detecting respondents’ hesitation when 
answering questions. Following the approach of a previous study (Dias 
et al., 2019), this model was tested using the data set acquired in Study 
2.
2. Study 1: Extraction of spatio-temporal features
2.1. Participants
A sample of 119 volunteers recruited via a pool of students of Uni-
versity of Zurich participated in this study. The participants, or subjects, 
were aged between 20 and 52 years old (M=25.4; SD=5.4; 18 male), na-
tive or fluent speakers of Standard German, consistently right-handed 
(Annett, 1970), healthy with normal, or corrected-to-normal, vision, no 
record of neurological or psychiatric illness, and no current medication 
use.
2.2. Procedure
Following recruitment and written and verbal information about the 
study, the participants received an email with a link to an online survey. 
After accessing the welcome page of the survey, participants provided 
informed consent, and self-report questions about their personality. The 
participant could decide when and where to complete the survey but 
was required to complete it in one session. After completion of the 
survey, each participant was informed that all data, including pointer 
movements, would be analysed and that they could withdraw their data 
from the study if they wished. Participants also had the option to pro-
vide their name and email address or phone number if they wished to 
receive any feedback about their answers in the survey, irrespective of 
whether they agreed to the use of the data.
2.3. Data acquisition
Acquisition of pointer movement data was implemented in LimeSur-
vey (LimeSurvey, 2018). This is a free and open-source survey web 
app that is easy to edit in HTML and enables coding in JavaScript. A 
JavaScript code was integrated to record mouse movements (see Fig. 1). 
This data was then sent to a server machine via AJAX for storage. AJAX 
is a client-side technique to asynchronously send and retrieve data from 
a server.
2.4. Pre-processing data
Some of the original pointer files had data collection errors that 
needed to go through a pre-processing phase to enable analysis.
2.4.1. Server file correction
In terms of the mouse raw file acquired in the server, the existing 
problems and corrections implemented were:
1. Two different data lines are together, a paragraph is done between 
the two;
2. The counter of the data lines are not in the correct order;
3. Files without the number of frame column are identified;
4. If different files are from the same and subjects, they are concate-
nated;
5. Repeated positions (𝑥, 𝑦) in consecutive data lines are removed;
6. Repeated timestamp in consecutive data lines are removed;
7. Data lines with 𝑁𝑜𝑡 𝐴 𝑁𝑢𝑚𝑏𝑒𝑟 values are removed.
2.4.2. Device identification
The usage of an online survey requires the identification of device 
type because pointer movement is absent from touch screen devices, the 
data from which is not further considered. To identify these devices, 
given that there are no pointer movements (represented as 0 in the 
pointer file), the predominant EventCode in touch devices files will be 
1, as it is the identification of clicks. The file is not considered if the 
ratio between the events where the pointer is moving (𝑒𝑣𝑒𝑛𝑡 = 0) and 





There are some possible errors that need correcting and applying to 
each server file before extracting information from the data. To this end, 
an output CSV file was generated with the following details described.
• Original number of subjects
(#𝑜𝑟𝑖𝑔𝑖𝑛𝑎𝑙 𝑠𝑢𝑏𝑗𝑒𝑐𝑡𝑠);
• Number of subjects with correct mouse data
(#𝑠𝑢𝑏𝑗𝑒𝑐𝑡𝑠);
• Number of subjects using touch screen devices
(#𝑡𝑜𝑢𝑐ℎ 𝑠𝑐𝑟𝑒𝑒𝑛 𝑓𝑖𝑙𝑒𝑠);
• Percentage of files with missing samples
(%𝑓𝑖𝑙𝑒𝑠 𝑤𝑖𝑡ℎ𝑜𝑢𝑡 𝑠𝑎𝑚𝑝𝑙𝑒𝑠);
• Mean of percentage of samples missing
(%𝑙𝑜𝑠𝑡 𝑠𝑎𝑚𝑝𝑙𝑒𝑠);
• Percentage of files that are split
(%𝑐𝑜𝑛𝑐𝑎𝑡𝑒𝑛𝑎𝑡𝑒𝑑 𝑓𝑖𝑙𝑒𝑠).
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Fig. 1. Architecture of dataflow from online surveys to database.
Table 1. Validation file output from Study 1.
Result Output
# original subjects 119
# subjects 89
# touch screen 24
% files without samples 26
% lost samples 0.0087
% concatenated files 1.7
The result of the validation file from this study is presented in Ta-
ble 1.
Of the original subjects, 24 used touch devices, meaning that no 
mouse data is available in these subjects for further analysis. Six sub-
jects completed the survey but pointer movements were not reported. 
This might be because no mouse movements were detected around or 
within each survey question. These subjects were disregarded for fur-
ther analysis.
2.5. Spatial information
In the spatial domain, the pointer movement in the survey (or ques-
tionnaire) is analysed as a single path, from the beginning until the end 
of the survey.
To smooth the spatial signal, a spatial vector 𝑠 representing the 











, 𝑖 = 1...𝑛− 1,
Δ𝑥𝑖 = 𝑥𝑖+1 − 𝑥𝑖, Δ𝑦𝑖 = 𝑦𝑖+1 − 𝑦𝑖
A cubic spline interpolation is then applied in order to produce a 
curve signal with a space interval equal to the mean value of the length 
variance:
𝛼 =Δ𝑠,
Δ𝑠𝑖 = 𝑠𝑖+1 − 𝑠𝑖
An example of this pre-processing procedure is shown in Fig. 2, illus-
trating a fraction of a movement and a comparison between the original 
signal and the interpolated result.
The survey path length is easily extracted from s, 𝑠 = 𝑠𝑛−1 and ex-
pressed in pixels. To generalize this measure to other surveys, 𝑠 is 
divided by the number of items.







however, to avoid the radian phase discontinuities near −𝜋 and 𝜋, we 





















The curvature is inversely proportional to the circle’s radius created 
at the tangent point of the path in study. The curvature is expressed by:
𝑐 =
𝑥′𝑦′′ − 𝑦′𝑥′′
(𝑥′ 2 + 𝑦′ 2)3∕2
We have interest only in the absolute values of angles and curva-




Fig. 3 represents the angle and curvature results from the path repre-
sented in 2.
From each stroke defined, we can calculate its length and straightness, 
which is defined as the ratio of the Euclidean distance between the start 




2 + (𝑦1 − 𝑦𝑛)
2
𝑠𝑛−1
The tremors in the user movements were measured by jitter, which 






Table 2 summarizes and describes the final set of spatial features. 
This includes a representative symbol, the feature, a short name, its 
unit, distribution of density probability of the existing values and the 
observed ranges in our population. The range of values for every fea-
ture is within expected and acceptable values, that confirms the correct 
application of pre-processing tools.
2.6. Temporal information
In the temporal domain, the interaction of the pointer with the sur-
vey was not considered as a whole but as a set of strokes, depending 
on the interval between sequential movements. When a subject takes 
more than 𝑘𝑠𝑡𝑟𝑜𝑘𝑒 seconds to move the pointer, the movements before 
and after that pause were considered strokes.
In order to have a signal with equal temporal spaces, we applied 
a cubic spline interpolation to each stroke. The interval delimited is 
proportional to the mean variance of time:
𝛼 = 𝑘𝑡𝑖𝑚𝑒 𝑖𝑛𝑡𝑒𝑟𝑝 ×Δ𝑡,
Δ𝑡𝑖 = 𝑡𝑖+1 − 𝑡𝑖
Fig. 4 shows an example of a curve interpolated from the x and y 
original signals. It is possible to identify different strokes, pauses and 
discretely distinguishable intervals of interpolations for each stroke.
The total time of the survey (𝑡_𝑡𝑜𝑡𝑎𝑙) was easily extracted from t, 
𝑡 = 𝑡𝑛−1 and expressed in seconds. To generalize this measure to other 
surveys, 𝑡 was divided by the number of items.
3
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Fig. 2. Spatial signal x-y representation in pixels. The orange dots ( ) represent the signal extracted from the pointer movement and the blue dots ( ) with constant 
spacing and the black line ( ) represent the interpolated curve of these movements.
Fig. 3. The left panel shows the angles in radians over distance in pixels and the right panel shows the curvature in radians/pixels over distance in pixels.
Table 2. Details of features extracted in the spatial domain.
Symbol Feature Name Unit Distribution Range
Length 𝑠 𝑝𝑥 [2.8 × 10, 4.0 × 103]
Angle 𝜃 𝑟𝑎𝑑 [−3.1 × 10, 6.2 × 10]
Curvature 𝑐 𝑟𝑎𝑑.𝑝𝑥−1 [−8.2 × 102 , 6.6 × 102]
Variation Curvature 𝑐′ 𝑟𝑎𝑑.𝑝𝑥−2 [−4.3 × 105 , 8.3 × 105]
Strokes Length 𝑠_𝑠𝑡𝑟𝑜𝑘𝑒 𝑝𝑥 [2.2, 9.0 × 103]
Straightness 𝑠𝑡𝑟𝑎𝑖𝑔ℎ𝑡𝑛𝑒𝑠𝑠 - [8.1 × 10−3 , 1.0]
Jitter 𝑗𝑖𝑡𝑡𝑒𝑟 - [2.8 × 10−1 , 9.8 × 10−1]
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Fig. 4. Temporal signal x-y representation in pixels. The orange dots ( ) represent the signal extracted from the pointer movement and the blue dots ( ) with constant 
and defined spacing and the black line ( ) represent the interpolated curve of these movements.
Table 3. Details of features extracted in the temporal domain.
Symbol Feature Name Unit Distribution Range
Total time 𝑡_𝑡𝑜𝑡𝑎𝑙 𝑠 [3.5, 2.8 × 10]
Velocity 𝑣_𝑡 𝑝𝑥∕𝑠 [0.0, 1.7 × 105]
Horizontal Velocity 𝑣_𝑥 𝑝𝑥∕𝑠 [0.0, 1.1 × 105]
Vertical Velocity 𝑣_𝑦 𝑝𝑥∕𝑠 [0.0, 1.6 × 105]
Angular Velocity 𝑤 𝑟𝑎𝑑∕𝑠 [−9.1 × 101 , 1.1 × 102]
Acceleration 𝑎 𝑝𝑥∕𝑠2 [−1.7 × 108 , 1.7 × 108]
Jerk 𝑗𝑒𝑟𝑘 𝑝𝑥∕𝑠3 [−1.7 × 1011 , 1.7 × 1011]
To correctly calculate the velocity of the pointer movement, a vector 
which includes the velocity values when the mouse moves and consider 
the velocity zero when no movement need to be computed. It is named 
velocity (𝑣_𝑡).
From temporal information we also extract the horizontal velocity

















Table 3 summarizes and describes the final set of temporal features. 
This includes a representative symbol, the feature, a short name, its 
unit, distribution of density probability of the existing values and the 
observed ranges in our population. The range of values for every fea-
ture is within expected and acceptable values, that confirms the correct 
application of pre-processing tools.
3. Study 2: Extraction of micro-behavioural features
3.1. Participants
A sample of 88 volunteers was recruited for this study at Univer-
sity of Zurich via flyers. The participants were aged between 18 and 35 
years old (44 male) and received 20 Swiss Francs or credit points for 
participation. All participants were native or fluent speakers of Stan-
dard German, consistently right-handed (Annett, 1970), healthy, with 
normal, or corrected-to-normal, vision, no record of neurological or psy-
chiatric illness and no current medication use.
3.2. Procedure
Each participant was tested individually by a Master’s student in a 
small, sound-attenuated, dimly lit experimental room. First, informed 
consent and demographic data were collected via paper and pencil. 
Then, 60 items of personality assessment were collected in an online 
survey.
3.3. Interactions between pointer and content
To the best of our knowledge, no previous studies have analysed 
pointer interaction in the specific context of on-line surveys. We ex-
plored the use of different features that could be used in combination 
to describe patterns of pointer movements while a subject processed 
the online survey and answered survey items. We refer to these as 
micro-behavioural features as these represent distinguishable sets of 
spatio-temporal position and movement behaviours in relation to the 
structure of contextual features (e.g. item sequence, layout of item ques-
tion, position of and response scale for each item) in the survey. The 
following describes the approach to building up a set of features that 
could be extracted from pointer interactions.
The first step is to enter the survey. It is possible to close the web-
page and leave the survey or to go to the first question group and then 
to the next group (see Fig. 5a).
Within the set, or group, of questions (see Fig. 5b), the subject can 
respond to every question in any order. The participant can submit the 
survey once all questions are answered.
The subject can move the pointer to a question and then provide 
an answer, as indicated by movement of the pointer or scrolling to the 
question (Fig. 5c). It is possible to extract as features the number of 
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Fig. 5. Some interactions between pointer movement and survey content are 
straightforward. These include entering the survey and moving the pointer to 
a page with or a group of questions (panel a), or submitting (i.e. leaving) the 
survey at some point (panel b). Other interactions are more complex and allow 
extraction of interactions with contextual features of the survey, such as moving 
the pointer or scrolling to and answering the next question (panel c) and reading 
a question, changing and selecting (or re-selecting) an answer (panel d).
scrolls conducted and the number of items to which scrolling was per-
formed.
The sequence of steps involved in answering a questionnaire item 
(Fig. 5d) is the most complex and allows extraction of more contex-
tual features. The most efficient approach is to read the item, move the 
pointer to the response option and to select that option. However, if the 
subject then moves the pointer to and selects an alternative option, this 
is considered a response correction within an item. If, after having an-
swered another item or items, the subject returns to and changes the 
response to an item that the subject already answered, this is consid-
ered an correction between items. After proceeding to further items, the 
subject could revisit a previously answered question without changing 
the answer. This event is defined as revisiting previous item.
3.4. Micro-behaviours
Micro-behaviours include what we refer to as overview (# overviews). 
This is characterized by a scrolling of the cursor over a wide area across 
the interface of the survey. This often occurs in order to develop an 
overview of the survey structure and content (e.g. length of the survey, 
number and type of questions) (see Fig. 6). At the beginning of the 
survey, this particular subject navigated to the end of the survey and 
then returned to the first question. Computationally, an overview was 
defined as when the subject crossed more than one-quarter of the items 
of the whole survey.
The second observed behaviour was the skip pattern (#𝑠𝑘𝑖𝑝𝑠). When 
answering the survey some subjects would not follow the natural or-
der of questions but skip questions and answer the items in an arbitrary 
order. This behaviour is represented in Fig. 7, which shows a subject 
responding to 14 after answering questions one and two. To compute 
this feature as a skip, we verified the order of the items answered, with-
out considering further corrections, and coded if the user moves back 
to a previous question. The final feature corresponds to the number 
of skipped items and, given that it relates to the number of items of 
the survey, we normalized this feature dividing by the total number of 
items.
Three features relating to pauses in movement were considered: 
time of interaction, time of pauses and number of strokes. The time 
of pauses (𝑡_𝑝𝑎𝑢𝑠𝑒𝑠) is a vector with the interval of times that people re-
main without interaction more than 𝑘𝑝𝑎𝑢𝑠𝑒 seconds between strokes and 
the number of strokes (#𝑠𝑡𝑟𝑜𝑘𝑒𝑠) corresponds to the number of times that 
people move the mouse between pauses. The time of interaction is the 
total time that people are moving the mouse, excluding from the to-
tal time the time of pauses. We also identified pauses (𝑘𝑝𝑎𝑢𝑠𝑒 = 1 𝑠𝑒𝑐𝑜𝑛𝑑) 
between pointer movements (or strokes) (see Fig. 8). The number of 
strokes and time of interaction are normalized according to the length 
of the survey, and therefore, divided by the total number of items.
The following features are used verify if the subjects are not wan-
dering around the page with the pointer but remain in the same ques-
tion or if they scroll down the page and come back to the same item. 
We referred to such wandering as a zapping event and, despite being 
considered as features, we re-moved them from the signal for further 
analysis. Based on the time that people remain inside an item area, a 
zapping item is classified when this interval of time is less than 𝑘𝑧𝑎𝑝𝑝
seconds. When a subject is scrolling, many zapping items are detected 
and, therefore, we classified this event as a zapping event and consid-
ered the items that were crossed by the pointer. From the whole survey 
we extracted the number of zapping events (#𝑧𝑎𝑝𝑝) and the number of 
zapped items in all zapping events (#𝑖𝑡𝑒𝑚𝑠_𝑧𝑎𝑝𝑝𝑒𝑑). The last feature was 
normalized, as divided by the total items in the survey.
The spent time in each item is kept in a vector (𝑡_𝑖𝑡𝑒𝑚), which with the 
zapping corrections gives us more realistic information, ignoring short 
times caused, for example, by scroll actions.
Sometimes, external factors could interrupt the subject focus on the 
survey, or the subject could abandon the survey for a while to answer 
the telephone call, for example. We considered the number of abandons
(#𝑎𝑏𝑎𝑛𝑑𝑜𝑛), defined by:
𝐴𝑏𝑎𝑛𝑑𝑜𝑛 = 𝑘𝑎𝑏𝑎𝑛𝑑𝑜𝑛 ×𝑚𝑒𝑎𝑛(𝑡𝑖𝑡𝑒𝑚)
The sum of the time of abandons (𝑡_𝑎𝑏𝑎𝑛𝑑𝑜𝑛) was also considered as 
feature. When an abandon event is identified, the respective time value 
is removed from 𝑡_𝑖𝑡𝑒𝑚. This way, this vector will contemplate only the 
time spent to answer a question, having just normal situation values.
The 𝑡_𝑖𝑡𝑒𝑚 consider only the time between the mouse enter the item 
and leaving it. To consider the total duration that the mouse was inside 
each item, we calculated the accumulated time (𝑡_𝑎𝑐𝑐𝑢𝑚).
When the mouse is inside a question, we identified two different 
ways of reading the question: moving the pointer to the area of text con-
taining the question while reading the question or moving the pointer 
around the area of the response options. To identify this so-called hov-
ering over the text (#ℎ𝑜𝑣𝑒𝑟_𝑡𝑒𝑥𝑡), the x mouse coordinates are associated 
with question or response area, after defining the width of the text of 
the question. The associated feature was the accumulative time that 
the subject dwelled with the pointer in the question area. To be inde-
pendent of the question area (as these can vary in size deepening on 
question length), this feature was divided by the number of items.
Further hover features were computed. The number of hovered an-
swers (𝑎𝑛𝑠𝑤𝑒𝑟_ℎ𝑜𝑣𝑒𝑟) corresponds to the number of hovered answers 
divided by the total number of possible answers. The selected answer 
ratio (𝑎𝑛𝑠𝑤𝑒𝑟_𝑟𝑎𝑡𝑖𝑜) is defined by the duration of hovering the final an-
swer, in relation to the total time in the answers’ area.
Click behaviour was considered. The time before click (𝑡_𝑏𝑒𝑓 _𝑐𝑙𝑖𝑐𝑘) 
after having entered the area of the corresponding item question was 
calculated as the sum duration of time spent in a question until the first 
click. The pause before click (𝑝𝑎𝑢𝑠𝑒_𝑏𝑒𝑓 _𝑐𝑙𝑖𝑐𝑘) as the time taken between 
the last pointer movement in the area of an item and the click on a 
response option for that item. If the participant clicks more than once 
in a single question (to correct a previous answer), this value is aver-
aged. The time between a click in and click out when selecting an item 
response was also calculated (time click (𝑡_𝑐𝑙𝑖𝑐𝑘)).
Because some users move the mouse around the final answer, the 
distance from the path inside a question to the selected answer was also 
computed. This distance from answer (𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒_𝑎𝑛𝑠𝑤𝑒𝑟) is given by the 
equation (1), where 𝑥𝑎𝑛𝑠𝑤𝑒𝑟 and 𝑦𝑎𝑛𝑠𝑤𝑒𝑟 are the x and y coordinates of 
the question’s last click.
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Fig. 6. Representation of a subject’s pointer movement over time, with movement relating to the first question at the top left of the figure (smallest y value) and the 
last question on the far right. The rectangular panel indicates a pointer movement pattern of the subject scrolling across the interface of the survey.
Fig. 7. Illustration of a subject’s pointer movement behaviour, showing that this subject answered questions 1 and 2, skipped forward to question 14, and then 
worked backwards from question 14 to question 3.
Fig. 8. Illustration shows the velocity of pointer movements over the course 
of the survey. The blue shaded panels show the pauses between pointer move-
ments (or strokes). In this example, there are a total of 5 strokes and 4 pauses.
𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒𝑓𝑟𝑜𝑚𝑎𝑛𝑠𝑤𝑒𝑟 =
√
(𝑥𝑖 − 𝑥𝑎𝑛𝑠𝑤𝑒𝑟) ∗∗ 2 + (𝑦𝑖 − 𝑦𝑎𝑛𝑠𝑤𝑒𝑟) ∗∗ 2,
𝑖 = 1, ..., 𝑛− 1 (1)
Fig. 9. Illustration of a subject’s <-turn pattern. The blue line depicts the pointer 
movement and the red dot shows the mouse click.
While thinking about the answer, some subjects change the mouse 
horizontal direction, which we called < −𝑡𝑢𝑟𝑛𝑠 (see Fig. 9). This was cal-
culated by the horizontal trajectory’s derivative changes from positive 
to negative values or vice-versa.
When the individual selects one option, but keeps interacting inside 
the item and decides to change the option selected to another answer, 
we defined this behaviour as correction within item (#𝑐𝑜𝑟𝑟𝑒𝑐_𝑤𝑖𝑡ℎ𝑖𝑛_𝑖𝑡𝑒𝑚).
Before leaving the question, the interval of time spent between click 
and go to the next item was calculated and named inter-item interval
(#𝑖𝑛𝑡𝑒𝑟 − 𝑖𝑡𝑒𝑚_𝑖𝑛𝑡𝑒𝑟𝑣𝑎𝑙).
A different approach to correcting the previous answer is the correc-
tion between item (#𝑐𝑜𝑟𝑟𝑒𝑐_𝑏𝑒𝑡𝑤𝑒𝑒𝑛_𝑖𝑡𝑒𝑚). In this case, the person selects 
an answer, move forward to the next questions, and after answering at 
least one more question, returns to and changes the previous response.
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Fig. 10. Illustration of the sequence of visits to the survey questions. The red dot depicts mouse clicks. In this case, the subject revisited and re-answered question 3 
after attending question 14 (as highlighted in the rectangle).
Instead of changing the previous response, the subject simply re-
turns to a previous item response, a so-called re-visit (#𝑟𝑒𝑣𝑖𝑠𝑖𝑡𝑠). This is 
illustrated in Fig. 10, in which the subject revisits a prior answer (mov-
ing from question 14 to question 3). Interestingly, after answering item 
3 the first time, this subject then changed the response to question 4 
and then returned to question 3. This revisit took place around three 
minutes after the initial responses.
The correction timewas calculated by the sum of all the time intervals 
in a question from the first click until the last click (last correction). This 
value is considered as zero if there is no correction.
Table 4 summarizes the final features and classifies them. This in-
cludes a representative symbol, the feature, a short name, its unit, 
distribution of density probability of the existing values and the ob-
served ranges in our population. The range of values for every feature 
is within expected and acceptable values, that confirms the correct com-
putation of features.
4. Study 3: Applicability of features to detect uncertainty
While identifying pointer movement features, we considered
whether behaviours such as the duration of hover over a question, 
the time that elapses to provide a response, or whether items or their 
responses are revisited or corrected might be indicators of response un-
certainty.
Although previous studies consistently used the response time as an 
indicator of response difficulty (Conrad et al., 2007; Schneider et al., 
2015; Zushi et al., 2012), others have confirmed the influence of the 
pointer movement trajectory in predicting response uncertainty. The 
trajectory has been assessed in terms of horizontal direction inversions 
(Zushi et al., 2012) and deviation from the idealized straight-line tra-
jectory (Schneider et al., 2015). More recently, Horwitz et al. (2017), 
used mouse cursor trajectories to predict response difficulty, achieving 
a performance accuracy of between 74% and 79%. Significant predic-
tors of uncertainty were horizontal directional inversions, hovering the 
mouse cursor over a question for more than 2s, and marking a response 
option for more than 2s (Horwitz et al., 2017).
Study 3 aimed to create a machine-learning model that identifies 
events of response uncertainty, using some of the previously described 
features of mouse movement while subjects processed and answered 
survey items. The participants and procedure are the same as in Study 2.
4.1. Methods
4.1.1. Features extraction
To focus on item-specific uncertainty events, we selected features 
that relate to an item instead of the whole survey (such as the overview
feature). Both temporal, spatial and contextual features were used to 






• Selected answer ratio;
• Time before click;
• Pause before click;
• Distance from answer;
• <-turn;




To extract the features the constants were defined: 𝑘𝑝𝑎𝑢𝑠𝑒 = 1 𝑠𝑒𝑐𝑜𝑛𝑑; 
𝑘𝑧𝑎𝑝𝑝 = 0.1 𝑠𝑒𝑐𝑜𝑛𝑑; 𝑘𝑎𝑏𝑎𝑛𝑑 = 10 × 𝑚𝑒𝑎𝑛(𝑡𝑖𝑡𝑒𝑚) 𝑠𝑒𝑐𝑜𝑛𝑑𝑠. The last feature, in-
teractions, is the only new feature, which corresponds to the number 
of interactions with each question (i.e., the number of times in each 
question).
To account for general differences in processing time by different 
subjects, the features were normalized for each person separately using 
the formula presented in equation (2), where 𝑧𝑖 represents the sample 𝑥𝑖
after normalization, 𝑥 and 𝜎 are the mean and standard deviation of the 
samples, respectively (Shalabi et al., 2006). Applying this transforma-
tion, the samples are reshaped so that its mean and standard deviation 





With all the features normalized, it is only possible to identify the 
most difficult questions for each individual. Therefore, the original val-
ues of each feature were also used to construct the model. Taking this 
into account, 30 features were used - 15 normalized and 15 not normal-
ized.
Subsequently, all the features from all the participants were concate-
nated and each feature was individually normalized to standardize the 
range of the variables for all the participants.
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Table 4. Features of micro-behaviours.
Symbol Feature Name Unit Distribution Range
Overview #𝑜𝑣𝑒𝑟𝑣𝑖𝑒𝑤𝑠 - [0, 2]
Skip #𝑠𝑘𝑖𝑝𝑠 - [0, 1.6 × 10−1]
Time of Pauses 𝑡_𝑝𝑎𝑢𝑠𝑒𝑠 𝑠 [1.0, 3.8 × 101]
Strokes #𝑠𝑡𝑟𝑜𝑘𝑒𝑠 - [0.4, 2.5]
Time of Interaction 𝑡_𝑖𝑛𝑡𝑒𝑟𝑎𝑐𝑡𝑖𝑜𝑛 𝑠 [0.1, 8.1]
Zapping Events #𝑧𝑎𝑝𝑝 - [0, 46]
Items Zapped #𝑖𝑡𝑒𝑚𝑠_𝑧𝑎𝑝𝑝𝑒𝑑 - [0, 2.3]
Time per item 𝑡_𝑖𝑡𝑒𝑚 𝑠 [0.0, 1.8 × 102]
Abandons #𝑎𝑏𝑎𝑛𝑑𝑜𝑛 - [0, 12]
Time of abandons 𝑡_𝑎𝑏𝑎𝑛𝑑𝑜𝑛 𝑠 [0, 1.2 × 102]
Accumulated time 𝑡_𝑎𝑐𝑐𝑢𝑚 s [0.6, 1.8 × 102]
Hovering text #ℎ𝑜𝑣𝑒𝑟_𝑡𝑒𝑥𝑡 - [0.1, 0.3]
Hovered answers #𝑎𝑛𝑠_ℎ𝑜𝑣𝑒𝑟𝑒𝑑 - [0.2, 1]
Selected answer ratio 𝑎𝑛𝑠𝑤𝑒𝑟_𝑟𝑎𝑡𝑖𝑜 - [9.9 × 10−3 , 1]
Time before click 𝑡_𝑏𝑒𝑓 _𝑐𝑙𝑖𝑐𝑘 𝑠 [0, 51]
Pause before click 𝑝𝑎𝑢𝑠𝑒_𝑏𝑒𝑓 _𝑐𝑙𝑖𝑐𝑘 𝑠 [0, 17]
Click Time 𝑡_𝑐𝑙𝑖𝑐𝑘 𝑠 [0, 5]
Distance from answer 𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒_𝑎𝑛𝑠𝑤𝑒𝑟 𝑝𝑥 [2.2, 6.5 × 102]
<-turns < −𝑡𝑢𝑟𝑛𝑠 - [0.1, 6.9]
Correction Within Item #𝑐𝑜𝑟𝑟𝑒𝑐_𝑤𝑖𝑡ℎ𝑖𝑛_ 𝑖𝑡𝑒𝑚 - [0, 0.5]
Inter-item Interval 𝑖𝑛𝑡𝑒𝑟 − 𝑖𝑡𝑒𝑚_𝑖𝑛𝑡𝑒𝑟𝑣𝑎𝑙 𝑠 [2.4 × 10−2, 1.8 × 102]
Correction Between Item #𝑐𝑜𝑟𝑟𝑒𝑐_𝑏𝑒𝑡𝑤𝑒𝑒𝑛_𝑖𝑡𝑒𝑚 - [0, 0.9]
Revisits #𝑟𝑒𝑣𝑖𝑠𝑖𝑡𝑠 - [0, 4.8]
Correction time 𝑡_𝑐𝑜𝑟𝑟𝑒𝑐 s [0, 179]
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4.1.2. Features selection
Some machine learning classifiers are not sensitive enough to de-
tect the influence of relevant features in the presence of many variables 
(Sperandei, 2014). It is therefore helpful to precede learning with a fea-
ture selection stage (Witten and Frank, 2005). Accordingly, the highly 
correlated features were eliminated (Witten and Frank, 2005), since the 
information they provide is almost the same. The Pearson correlation 
coefficient was used for this and, if two features had an absolute coeffi-
cient higher than 0.9, one of them was left out.
4.1.3. Model training and testing
To train and test the uncertainty model, several examples of items 
showing response uncertainty and certainty were needed. These ex-
amples comprise a combination of features and a respective outcome 
(certainty or uncertainty). However, it was not known which items 
evoked uncertainty in this proof of concept study. To solve this, mouse 
movement videos of 6 individuals answering a 60 item survey (360 
questions in total) were observed and rated by three independent raters 
in terms of low or high uncertainty. The final examples of items for 
training and testing were selected only if rated as uncertain or certain 
by at least 2 of the raters. In the end, 51 items were rated as uncertain 
and 124 as certainty. The remaining 185 items were not rated by one 
rater and were excluded from further analysis.
10-fold cross validation was applied for model training and testing. 
In this procedure, the data is divided into ten approximately equal 
partitions, where one partition is used for testing and the other nine 
for training. This process is repeated ten times. In each iteration, the 
datasets change and, accordingly, every partition is used for both train-
ing and testing, and exactly once for testing. Finally, the ten estimated 
accuracies are averaged to obtain the overall accuracy.
4.1.4. Classification
The applied classification method was Logistic Regression due to its 
effectiveness when the outcome variable is dichotomous (in this case, 
the outcome could be certainty or uncertainty). In this technique, the 
probability of occurrence of an event is estimated by fitting the data 
to a logistic curve. Accordingly, non-linear relationships between the 
input features and the outcome variable can be handled (Park, 2013).
The fundamental mathematical concept underlying Logistic Regres-
sion is the logit. The logit is the natural logarithm of the odds ratio, 
which is the ratio between the probability of occurrence of an event 
(in this case, uncertainty) and the probability of non-occurrence of the 
same event. The logistic model has the form presented in equations (3) 
and (4), where 𝑝 represents the probability of an event, 𝛽𝑖 illustrates the 










When 𝑝 ⩾ 0.5 it is predicted 𝑌 = 1 (uncertainty), otherwise, 𝑌 = 0, 
where 𝑌 is the outcome variable (Rohilla Shalizi, 2019). From equation 
(4), it is possible to verify that a positive 𝛽𝑖 increases (and a negative 𝛽𝑖
decreases) the probability of 𝑌 = 1.
4.2. Model evaluation
In binary classification, data is constituted by two opposite classes, 
positives and negatives. Accordingly, the possible outcomes comprise 
TP, TN, FP and FN. In this study, the positives are the questions linked 
to uncertainty.
The true positive rate, or sensitivity, and the true negative rate, or 
specificity, were computed (Witten and Frank, 2005). In this case, the 
sensitivity represents the probability of a question that evokes uncer-
tainty being classified as an instance of uncertainty, and it is described 









Pause before click 0.31
Corrections between item −0.31
Distance from answer −0.29
in equation (5). Specificity, on the other hand, provides the probability 
of a question associated with certainty being correctly classified and it 









To estimate the performance of the model, accuracy was accessed. 
Accuracy is the ratio between the correct classifications and all the clas-
sifications (Witten and Frank, 2005), as it is shown in equation (7).
𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃 + 𝑇𝑁
𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
(7)
Since the data is imbalanced (there are more certainty events than 
uncertainty occurrences), the most appropriate measure to evaluate the 
model performance is f1 score, defined in equation (8) as the harmonic 
mean between precision and recall. Recall is a synonym of sensitivity, as 
it is possible to verify in equation (9). Precision, on its turn, represents 
the probability of a certainty event being classified as an uncertainty 
event, as shown in equation (10) (Sun et al., 2007).
f1 score =










4.3. Results and discussion
Feature selection resulted in the elimination of the features time be-
fore click, hover selected answer, straightness normalized, revisits, revisits 
normalized and hovered answers normalized. These features were highly 
inter-correlated with other features, containing therefore a high degree 
of redundant information. Their elimination is likely to enhance the ma-
chine learning performance (Langley and Sage, 1997). The final number 
of features was 24.
Table 5 shows the ten most relevant features for classification of un-
certainty, based on the reported strength of the regression coefficients 
(in the order of the highest to the lowest absolute value). On this ba-
sis, the number of <-turns is the most relevant feature for classification. 
Use of this feature increases the probability of detecting an uncertainty 
event. This feature means that subjects tend to move the pointer across 
the alternative response options more frequently when uncertain. This 
is in line with Zushi et al. (2012).
The feature distance suggests that subjects tend to move the pointer 
more frequently from one response option to another while deciding 
which to select, consistent with Zushi et al. (2012). The feature distance 
from answer indicated that individuals tend to keep the pointer closer to 
the finally selected alternative when uncertain, even though the pointer 
moves longer distances when uncertain.
10
C. Cepeda, M.C. Dias, D. Rindlisbacher et al. Heliyon 6 (2021) e05873
Table 6. Model performance evaluation measures.
Sensitivity Specificity Accuracy F1 Score
0.78 0.94 0.89 0.81
Fig. 11. Pointer movements in an online survey. The left panel shows the sub-
ject with the least uncertainty and the right panel shows the subject with the 
greatest uncertainty.
The analysis of the regression coefficient of interactions revealed that 
subjects tend to visit items more often that, appear to be associated with 
greater uncertainty. In these items, individuals take longer to give a 
response (accumulated timeand deviate more from the straight-line tra-
jectory between successive answers (straightness).
Interestingly, the results show that the number of corrected re-
sponses is associated with a decrease in the probability of identifying 
an uncertainty event. This suggests that pointer movements reveal less 
uncertainty as subsequent corrections reflect great certainty by the sub-
ject in their corrections.
4.3.1. Model evaluation
The model evaluation measures - sensitivity, specificity and accuracy
- are presented in Table 6.
The evaluation of the uncertainty model in terms of its classification 
performance showed a sensitivity of 0.78 and specificity of 0.94. The for-
mer indicates that uncertainty events were correctly classified in 78% of 
the times. The latter indicates that the probability of a certainty event 
being correctly predicted is 94%. The classification of certainty versus 
uncertainty was correct in 89% of the cases. The estimated performance 
of the model was, therefore, better than that of (Horwitz et al., 2017). 
This improvement might relate to the choice of features used to indicate 
uncertainty. Using F1 score as another way of indicating classification 
accuracy using a single value, the estimated performance of the model 
was 0.81. This value suggests that the performance of the model is very 
good.
Following the application of the model to all participants’ questions, 
the percentage of questions associated with uncertainty was computed. 
Fig. 11 shows the difference in pointer movements between the two 
individuals with the greatest difference in uncertainty, based on our 
features. Visual inspection of this example reveals a sense of how the 
two individuals can be differentiated in terms of features such as turns 
(within a question), distance (between response options), distance from 
answer (when making a decision), accumulated time (to give a re-
sponse) and the straightness (or deviation from the straight-line tra-
jectory between successive answers).
5. General discussion
This study presents an exploratory investigation of pointer activ-
ity collected during user interaction with an online survey. The results 
shows that a broad range of spatial and temporal pointer features and 
micro-behaviours (distinct combinations of pointer movements) in in-
teraction with the survey.
The seven spatial features described in this study were previously 
reported for biometric analysis (Gamboa, 2008). Angles and curvatures 
were used to analyse web browsing behaviour (Chudá and Krátky, 
2014). Curvatures were also shown to relate to emotions (Yamauchi 
and Xiao, 2018) and, together with length, to predict user engagement 
(Tzafilkou and Protogeros, 2018; Arapakis and Leiva, 2016). None of 
these features was used in the context of surveys.
Of the temporal features, the velocity of pointer movement is com-
mon to all such studies. Velocity was used in connection with biometry 
(e.g. Gamboa, 2008), emotion (e.g. Hibbeln et al., 2017), user engage-
ment (e.g. Arapakis and Leiva, 2016), web browsing (e.g. Ahmed and 
Traore, 2007) and usability studies (Arroyo et al., 2006). The accelera-
tion and angular velocity were used in contexts of biometry (Gamboa, 
2008) and web browsing (Chudá and Krátky, 2014). Acceleration is also 
used to predict user engagement (Arapakis and Leiva, 2016). The hor-
izontal and vertical velocity and the jerk are only reported in a study 
of biometry (Gamboa, 2008). Total time was just used to predict user 
engagement (Tzafilkou and Protogeros, 2018). However, the features 
were never used before in the context of online surveys.
The delineation of micro-behaviours in the pointer data is a main 
contribution of this work, as most of these have not been reported pre-
viously. The number and duration of pauses have been used to assess 
usability, biometry, mood or cognitive abilities (Arroyo et al., 2006; 
Gamboa, 2008; Seelye et al., 2015; Zimmermann et al., 2003). The anal-
ysis of hovering events was also performed in several studies (Huang et 
al., 2011; Tzafilkou and Protogeros, 2018; Seelye et al., 2015; Arapakis 
and Leiva, 2016). For example, Arapakis and Leiva (2016) analyzed the 
hover distributions and clicks to verify the number of search results hov-
ered before the user clicks. The click duration and the direction change 
(i.e. <-turn) were used to predict user engagement (Arapakis and Leiva, 
2016), emotions (Yamauchi and Xiao, 2018) and mood (Zimmermann 
et al., 2003). Pauses before clicks were also used to analyse usability 
(Arroyo et al., 2006) and user engagement (Arapakis and Leiva, 2016). 
Two patterns only considered in an usability study were the hovering 
text and scrolling events (Arroyo et al., 2006). To the best of our knowl-
edge, none of the remaining reported micro-behaviour in this work has 
been considered elsewhere.
The three studies in this paper represent a proof of concept. The aim 
of the first and the second studies was to develop a data processing pro-
cedure and to identify a set of pointer features for further use. The aim 
of the third study was to explore the feasibility of using these features to 
detect subjects’ uncertainty when making responses. We used averaged 
accuracy measures in order to evaluate the overall uncertainty model’s 
accuracy (based on a set of training data) as a means to demonstrat-
ing potentially feasibility. These first results suggest that this approach 
is promising and, on this basis, suggest that this approach warrants fur-
ther investigation.
The use of prediction reliability estimates is important as these indi-
cate the degree to which the uncertainty classifications are individually 
predictive of uncertainty. These estimates help to validate predictions 
derived from our classification and regression models. This is lacking 
in Study 3. To this end, a further study is needed that includes sub-
jective report of response certainty (i.e. stated choice certainty) after 
answering each item. This would enable us to validate reliability es-
timations of uncertainty based on pointer movement data against the 
criterion of subjects’ subjective reports of their choice certainty. These 
reports must therefore be reliable. Experimental control of factors that 
might modulate responses to and stated choice certainty for each item 
should, therefore, be considered in the experimental design (Mattmann 
et al., 2019). This would allow examination of, for example, whether 
knowledge of having to state choice certainty influences item responses, 
how stable item responses are with and without this requirement across 
testing (e.g. test-retest) and different surveys, depending on what in-
formation the subject is asked, and how this requirement influences 
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consistency of responses across the items of a survey (Mattmann et al., 
2019).
While this approach would help to validate the use of pointer loca-
tion, movements and clicks as a measure of choice uncertainty, there 
is a general dearth of literature on the relationship between pointer ac-
tivity and underlying perceptual, cognitive and affective psychological 
mechanisms. Most research on dynamics of pointer movements relates 
to improving design of interfaces (e.g. Chan et al., 2001). Generally, 
pointer movements are considered to indicate the user’s attention (Ara-
pakis and Leiva, 2016) in that the pattern of pointer location, movement 
to a location (i.e. pointing) and click behaviour relate closely to what 
the person is processing (cf. eye-mind hypothesis, Just and Carpenter, 
1980). For practical purposes, such as improving design of interfaces, 
these may be considered self-explanatory without the need for interpre-
tation (cf. this view in eye tracking, Holmqvist et al., 2011).
However, these patterns may indicate specific underlying cognitive 
and emotional states. In applied research, for example, pointer move-
ments such as hover and scrolling are reported to accurately reveal a 
web users search intent, interest and satisfaction with the search results 
(Guo and Agichtein, 2010; Huang et al., 2011). The use of these same 
features also revealed effects in this paper. However, in the absence of 
further studies on stated choice certainty and associated pointer activ-
ity, as suggested in the preceding, it is difficult to characterize latent 
processes underlying choice making. We cannot assume a one-to-one 
correspondence when interpreting, for example, hover and scrolling 
behaviour in web-based searches and hover and scrolling behaviour 
when providing choice responses to items under uncertainty, in part 
because the specific task is different and may invite different interpre-
tation (Schindler and Lilienthal, 2019).
It is possible in the context of our specific task that these features 
(using hover and scroll to illustrate) indicate increased use of atten-
tional resources while resolving conflicting information within an item 
(i.e. hover) (cf. Glaholt et al., 2009) in order to provide a response 
among several possible alternative options. Scrolling might facilitate 
choosing a response that is coherent with other responses in the survey 
(cf. Choi and Pak, 2005). Alternatively, hover might reflect increased 
cognitive effort while retrieving relevant information (cf. Rayner, 1998; 
Findlay and Gilchrist, 2008) from memory in order to respond to the 
specific question. Accurate inference of specific cognitive process from 
patterns of pointer activity requires careful experimental design that al-
lows task-specific interpretation. For example, the pointer’s movement 
trajectory has been shown to be modulated by underlying neural pro-
cesses (Dhawale et al., 2017) that relate, for example, to processing of 
sensory information (e.g. Faisal et al., 2008), motor planning (Church-
land et al., 2006) and motor execution (Jones et al., 2002). Similarly, 
studies of eye movement behaviour show, for example, that dwell time 
(which is comparable to our measure of hover) is a measure of visual 
attention, relates to specific underlying neural processes during deci-
sion making, and can influence response selection when subject dwell 
longer on information (Glaholt et al., 2009; Lim et al., 2011; Armel et 
al., 2008).
The selection via mouse click of a graphical element with a point-
ing device is a primary task in web-based interfaces. The analysis of 
patterns of mouse clicks, using for example clickthrough data (Farris 
et al., 2010) provides insight into user behaviour for the evaluation of 
webpages (Farney, 2011). However, mouse clicks alone do not indicate 
why the user chooses and clicks on a particular element, which infor-
mation was considered before making that choice, whether there was 
conflict between possible options in the decision making process before 
making a choice, how certain the user was of the choice, or, for exam-
ple, how the user subjectively experienced the web page content where 
that choice was made (Joachims et al., 2017; Agichtein et al., 2006; 
Tzafilkou et al., 2014). By using its high temporal sensitivity to capture 
a real-time trace of the dynamics of pointer-based HCI and the interac-
tion of the pointer with specific web content, pointer-based measures of 
choice uncertainty might give insight into these aspects of web-based 
information search, choice evaluation and decision-making. Assuming 
that patterns of pointer behaviour can be shown to relate to internal 
cognitive processes (Freeman et al., 2011), this could contribute to 
developing a better understanding of latent (i.e. only indirectly observ-
able) aspects of users’ subjective experience, behaviour and responding 
during HCI (Stillman et al., 2018).
6. Conclusion
This exploratory investigation delineated spatio-temporal pointer 
features to capture a real-time trace of users’ pointer interactions with a 
graphical user interface. Results show that specific features and hitherto 
unreported micro-behaviours (patterns of pointer interactions with the 
content of the user interface) can be used to detect response uncertainty. 
These results suggest that this approach is promising and warrants fur-
ther investigation in order to develop a better understanding of the 
relationship between pointer activity and underlying perceptual, cog-
nitive and affective psychological mechanisms.
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